Introduction
Prescription opioid addiction has become a significant public health problem and economic burden in the United States and in other developed nations (Birnbaum et al., 2011; Ling et al., 2011) . Prescription opioids are currently the second-most commonly abused drug in the United States (SAMHSA, 2013b) . Furthermore, among all drugs of abuse prescription opioid-related overdoses are currently the most common and had the greatest proportional increase in the last 15 years (Calcaterra et al., 2013; Jones et al., 2013) . Rates of prescription opioid abuse and admissions for prescription opioid addiction treatment have also increased rapidly during this time period (SAMHSA, 2013a; Atluri et al., 2014; Compton and Volkow, 2006) . These disturbing trends have prompted increased federal attention on prescription opioid addiction, including research aimed at developing effective treatments and understanding treatment response (Compton and Volkow, 2006; Manchikanti, 2006) .
Among various theoretical models of addictive behavior, behavioral economics has rapidly developed as a conceptual framework for explaining maladaptive substance use. As a blend of behavior analysis and principles of economics, behavioral economics examines decision-making processes that govern the allocation of limited resources (e.g., time, money, effort) to competing goals under various constraints (Hursh, 1993) . Individuals with addiction typically have dysfunction in these processes. Despite increased psychosocial and financial costs, these individuals continually expend greater amounts of resources to obtain and use drugs (Bickel et al., 2014a (Bickel et al., , 2010 . Perhaps the most well-known marker http://dx.doi.org/10.1016/j.drugalcdep.2014.12.018 0376-8716/© 2014 Elsevier Ireland Ltd. All rights reserved.
of such dysfunction in addiction is excesssive delay discounting, as individuals with drug dependence typically exhibit irrational preferences for immediate vs. delayed rewards (Bickel et al., 2014b; MacKillop et al., 2011) . Individuals with drug abuse or dependence also exhibit elevated drug demand, characterized by greater valuation of substances that persists despite the presence of situational factors that typically reduce consumption (Hursh et al., 2005) such as increased unit price or the presence of other reinforcers (Murphy and MacKillop, 2006; Murphy et al., 2009) . Recent linkage to neural and genetic biomarkers has also demonstrated the potential importance of excessive delay discounting and elevated drug demand as phenotypic markers of addictive behavior (MacKillop, 2013; Mackillop et al., 2014) .
In addition to these decision-making phenotypes established primarily in laboratory research settings, behavioral economic theory has guided the development of ecologically valid indices of drug reinforcement value in the natural environment. These metrics infer drug reinforcement value by quantifying the amount of actual resources, such as time or money, that one directs toward obtaining and using a substance. For example, a discretionary spending index that compares income allocated to alcohol vs. savings has predicted future alcohol relapse in abstinent drinkers (Tucker et al., 2002 (Tucker et al., , 2006 (Tucker et al., , 2009 . Naturalistic cocaine purchase time has also predicted self-administration of cocaine in the laboratory (Greenwald and Steinmiller, 2014) . Similar to delay discounting and demand, drugseeking in the natural environment has been validated as a distinct phenotype with genetic underpinnings (Greenwald et al., 2013) . These naturalistic metrics are promising potential markers of drug reinforcement value and poor treatment response in individuals with prescription opioid addiction, but have not been previously examined in this population.
In a previous multi-site treatment study for prescription opioid addiction, participants received enhanced or standard medical management and 12 weeks of open-label buprenorphine-naloxone (BUP-NLX). Endpoint abstinence was achieved by 49% of the sample, with no difference between psychosocial treatment conditions (Weiss et al., 2011) . Older age, lifetime major depression, no history of non-oral use of opioids, and no previous opioid treatment predicted greater odds of endpoint abstinence (Dreifuss et al., 2013) . Although markers of opioid use history and baseline dependence severity have predicted treatment outcome (Dreifuss et al., 2013; Hillhouse et al., 2013; Soyka et al., 2008) , patients with similar levels of severity in opioid dependence or opioid use may be allocating vastly different levels of resources to obtain and use drugs. These individual differences in drug reinforcement value may be uniquely and incrementally predictive of treatment response. Furthermore, as opposed to relatively immutable demographic and historical factors, behavioral economic processes of decision-making can be altered through interventions (Koffarnus et al., 2013; Murphy et al., 2013 Murphy et al., , 2012 ). An examination of drug reinforcement value in prescription opioid users may therefore provide insight into malleable processes that could be used to bolster treatment effects, perhaps with interventions that increase the salience of substance-free rewards (Murphy et al., 2012) .
This study is an initial investigation of behavioral economic predictors of opioid use during prescription opioid addiction treatment. We examined the total amount and proportion of income allocated to drugs prior to treatment in the aforementioned multisite clinical trial (Weiss et al., 2011) . We hypothesized that individuals who spent greater total amounts and a greater proportion of their income on drugs prior to treatment would be more likely to continue using opioids during treatment. Considering that prescription opioid users obtain opioids from a variety of sources and the purchase price from illicit sources tends to be higher (Cicero et al., 2008; Mars et al., 2014) , we expected that individuals who frequently obtained opioids from illicit sources would spend greater 27.9 (3.6) Heroin history: % (n) ever used 26% (91) Prescription opioid route history: % (n) ever used non-orally 85% (300) Prescription opioid treatment history: % (n) ever received 35% (123) Number of prescription opioid dependence criteria: M (SD) 6.4 (0.88) Total money ($) spent on drugs in last month: M (SD) 1013.4 (1243.7) Proportion of income spent on drugs in last month: M (SD) 141.6 (283.6) Prescription opioid source in last 6 months Doctor for legitimate pain/medical problem: % (n) with any 59% (207) Dealer or patient that sells their medication: % (n) with any 93% (328) amounts of money on drugs. We also considered that this effect could confound the expected relationship between drug spending and within-treatment opioid use, because frequently obtaining opioids from illicit sources might correspond to both greater spending and greater severity of dependence. Therefore we controlled for prescription opioid source variables and measures of opioid dependence severity in our analyses of opioid use outcomes, to examine whether the hypothesized association between baseline drug reinforcement value and opioid use during treatment was independent of these potential confounds.
Methods

Study design
This study involved secondary analyses of Phase 2 of the Prescription Opioid Addiction Treatment Study (POATS), a multi-site, adaptive, randomized clinical trial of psychosocial treatment with adjunctive open-label BUP-NLX for prescription opioid addiction (Weiss et al., 2011 (Weiss et al., , 2010 . All POATS participants were initially randomized to standard or enhanced medical management and entered a 4-week BUP-NLX detoxification (Phase 1). Those who failed to sustain abstinence during the detoxification and an 8-week follow-up (93% of the full sample) were eligible to enter Phase 2. In Phase 2, hereafter referred to as the "treatment phase", participants were re-randomized to psychosocial treatment condition, received 12 weeks of BUP-NLX maintenance, and attended the clinic weekly for physician appointments, urine drug screens, and completion of other study measures. The primary POATS report revealed no significant main effects of enhanced psychosocial treatment on achievement of endpoint abstinence in Phase 1 or Phase 2 (Weiss et al., 2011) .
Study sample
All POATS participants were at least 18 years old, met DSM-IV criteria for current prescription opioid dependence, were physiologically dependent on opioids, were cleared by their prescribing physician if receiving prescription opioids for pain, agreed to birth control if female, and had no unstable medical or psychiatric conditions. Key exclusion criteria included use of heroin on ≥4 days in the past month, any lifetime injection of heroin, or physiological dependence on alcohol, sedatives, or stimulants. The full inclusion/exclusion criteria can be found in previous reports (Weiss et al., 2010 (Weiss et al., , 2011 . The current study included all Phase 2 participants with full data on baseline covariates and predictors (n = 353), with seven participants from the original Phase 2 sample excluded due to missing baseline information. General clinical and demographic characteristics of the sample are displayed in Table 1 . Analyses revealed no significant differences between this subsample and the full POATS Phase 2 sample.
Study measures
2.3.1. Opioid use. Opioid use during treatment was measured via urine drug screens (UDS) obtained at each weekly study visit, which tested for prescription analgesics, illicit opioids, and methadone. Weekly UDS results were coded as positive or negative for any opioids, which provided a weekly dichotomous and biologically confirmed measure of opioid use. Participants provided a total of 4006 UDS during treatment, with a mean of 10.4 (SD = 2.8) each, 29% of which were positive for opioids.
2.3.2. Pre-treatment drug spending. At baseline of Phase 1 the Addiction Severity Index (ASI) -Lite (Cacciola et al., 2007) captured variables related to total income and drug spending. A single item from the ASI-Lite drug section measured total amount of money spent on drugs in the last 30 days, hereafter referred to as "total drug spending". We created a "proportion drug spending" variable by dividing total drug spending by total income, which was captured by summing responses on the income source items in the ASI-Lite Employment section. Total drug spending and proportion drug spending were used as separate predictors, as these variables were significantly correlated but not completely redundant (r = .24, R 2 = .06). Both variables were extremely positively skewed (see Table 1 ) and were thus natural log-transformed prior to analyses.
2.3.3. Prescription opioid source. The Pain and Opiate Analgesic Use History (Weiss et al., 2010 ) was administered at Phase 1 baseline and captured participants' selfreported frequency of obtaining prescription opioids from various sources in the past six months, on a scale of 0 ("Never") to 5 ("Always"). The two variables used in this study were frequency of obtaining opioids from doctors for legitimate medical treatment (M = 1.36, SD = 1.54) and frequency of obtaining opioids from a dealer or a patient selling their medication, by using the maximum frequency score across dealers or patients (M = 3.76, SD = 1.41).
2.3.4. Baseline demographics and clinical covariates. We included demographic and clinical covariates previously associated with opioid use in this sample (Dreifuss et al., 2013) or other opioid treatment studies. All variables were assessed at Phase 1 baseline, with descriptive statistics provided in Table 1 . Demographics included gender, race, marital status, and years of education as assessed with the ASI-Lite. The baseline Pain and Opiate Analgesic Use History captured several markers of opioid dependence severity including previous heroin use, history of non-oral prescription opioid use, history of opioid dependence treatment, and pre-treatment prescription opioid use (days in the past month using prescription opioids). The Composite International Diagnostic Interview (Robins et al., 1988 ) assessed number of prescription opioid dependence criteria and lifetime major depressive disorder.
Statistical analyses
2.4.1. Preliminary analyses. Preliminary analyses examined descriptive statistics of the two drug spending variables and opioid source variables. Given the significant positive skew in both drug-spending variables we conducted natural-log transformations to reduce the potential for extreme observations to disproportionately influence model estimation. We then examined Pearson correlations between log-transformed drug spending variables and prescription opioid source variables. Pearson and point-biserial correlations examined associations between drug-spending variables and markers of opioid dependence severity, to determine whether drug spending might provide unique information and predictive validity over these traditional baseline predictors.
Prediction of weekly opioid use during treatment.
Repeated measures of weekly opioid use were dichotomous variables nested within individuals and were analyzed with multilevel logistic regression models, which included random intercepts for person and random slopes for linear time. All covariates and predictors were timeinvariant and estimated with fixed effects, along with the fixed effects of linear and quadratic time. Resulting models estimated the probability of opioid use in a given week of the treatment phase as a function of time, covariates, and predictors, while also accounting for the person-level clustering of observations and individual differences in the rate of change in opioid use. All available opioid UDS measures were included via maximum-likelihood (ML) estimation, a preferred method when longitudinal data is considered missing-at-random (Schafer and Graham, 2002) . Because individuals with any missing opioid use data were less likely to have major depression (40% vs. 27%, X 2 (1) = 6.72, p < .01), major depression was included as a covariate in all models. Preliminary models examined covariate effects, and significant covariates (p < .05) were retained for separate models that tested total drug spending or proportion drug spending as predictors of weekly opioid use. Final models incorporated prescription opioid source frequency variables as covariates. All analyses were conducted in Stata 13.0 (StataCorp., 2013).
Results
Descriptive statistics
Summary statistics for all baseline variables are provided in Table 1 . At the mean level participants spent $1013.40 (Mdn = $600) on drugs in the month prior to study entry, ranging from $0 to $10,000. The mean proportion drug spending was 141.63% and ranged from 0 to 2000%, with the median (50%) indicating that half of the sample had spent at least 50% of their past-month income on drugs in the month prior to entering the trial. Natural-log transformation improved the skew of total drug spending (M = 6.11, Mdn = 6.40, SD = 1.76) and proportion drug spending (M = 3.87, Mdn = 3.93, SD = 1.58). The average score for legitimate doctor obtaining (M = 1.36) was between "Rarely" and "Sometimes", while the average score for obtaining opioids from dealers or other patients (M = 3.76) was closer to "Most of the time". Just over half of the sample (53%) reported obtaining prescription opioids from both of these sources at least once in the last six months.
Association between drug spending and opioid source
Frequency of obtaining opioids from doctors was significantly and negatively correlated with total drug spending (r = −.36) and proportion drug spending (r = −.25), while frequency of obtaining opioids from dealers/patient sellers was positively correlated with total (r = .53) and proportion drug spending (r = .45). These results indicated that patients who spent a greater amount and proportion of their income on drugs prior to treatment tended to obtain opioid medications from doctors less frequently and dealers/patients more frequently.
Associations between drug spending and opioid use/dependence severity
Pearson and point-biserial correlations between total drug spending, proportion drug spending, and markers of opioid use and dependence severity are displayed in Table 2 . Both total drug spending and proportion drug spending were significantly and positively correlated with lifetime heroin use, previous non-oral use of prescription opioids, and number of prescription opioid dependence criteria. Proportion drug spending was also significantly correlated with previous opioid treatment. The shared variance between spending variables and severity did not exceed 7% for any measure. While larger spenders did tend to have more severe opioid dependence, the small amount of overlapping variance suggests the spending variables represent distinct and unique information from these markers of dependence severity.
Predicting opioid use during treatment
Weekly opioid UDS results were modeled as outcomes in multilevel logistic regression, with the initial covariate model including time (linear and quadratic), demographics, and clinical covariates (major depression and opioid dependence severity variables), with random intercepts (person) and slopes (time) accounting for individual heterogeneity in the initial level and change over time in opioid use. Linear and quadratic time, education, major depression, and several opioid dependence history variables predicted opioid use during treatment (see Table 3 ). The probability of opioid use decreased non-linearly from baseline to the end of treatment, with lower education, no major depression, greater pre-treatment opioid use, prior heroin use, and prior non-oral use of prescription opioids predicting greater probability of opioid use during treatment.
The two baseline drug spending variables were then incorporated into separate models as predictors, controlling for these significant covariates. As shown in Table 3 , participants with greater total drug spending were significantly more likely to use opioids during the 12-week treatment phase (OR = 1.27, p < .001, 95% CI [1.13, 1.43]). As shown in Fig. 1 , the covariate-adjusted probability of opioid use during treatment increased as a function of log-transformed total drug spending. To assist in interpretation of this association, the average model-adjusted probabilities were plotted across quintile groups of the original total spending values (see Fig. 1 ). This significant association persisted when controlling for the non-significant effects of doctor opioid source frequency (OR = 0.94, p = .39) and dealer/patient source frequency (OR = 0.90, p = .26). Overall, these results indicated that participants with greater total pre-treatment spending on drugs were more likely to use opioids during treatment, regardless of their demographics, severity of opioid use and dependence, or source of prescription opioids.
A separate model examined log-transformed proportion drug spending as a predictor of opioid use, with similar findings. As shown in Fig. 2 , spending a greater proportion of one's past-month income on drugs predicted greater probability of opioid use during treatment (OR = 1.31, p < .001, 95% CI [1.15, 1.49]). A similar pattern was observed when viewing the average model-adjusted probability of opioid use over quintile groups of the original proportion drug spending values (Fig. 2) . Proportion drug spending continued to predict opioid use when controlling for doctor source frequency (OR = 0.94, p = .39, 95% CI [0.82, 1.08]) and dealer/patient source frequency, which did not predict opioid use outcomes. Overall, participants who spent a greater proportion of their pre-treatment income on drugs were more likely to use opioids during treatment, regardless of demographics, severity of opioid use or dependence, or source of prescription opioids prior to treatment.
Discussion
In this initial investigation of behavioral economics in prescription opioid addiction, greater levels of pre-treatment drug reinforcement value predicted biologically verified opioid use during treatment. Participants who spent a greater total amount or greater proportion of their income on drugs were more likely to use opioids during 12 weeks of open-label BUP-NLX and standard or enhanced counseling. These effects were independent of other clinical and demographic covariates that previously predicted endpoint abstinence in this sample, including previous opioid dependence treatment, use of opioids via non-oral routes, or frequency of opioid use immediately prior to treatment. As continued opioid use during BUP-NLX maintenance is one marker of poor treatment progress, our findings suggest excessive drug reinforcement value is a risk factor for poor treatment response in prescription opioid users.
Drug dependence is associated with excessive discounting of delayed rewards and elevated drug demand, which have been collectively referred to as "reinforcer pathology" (Bickel et al., 2014a) . While primarily established in animal and human Fig. 1 . Association between total drug spending in the month prior to treatment and adjusted probability of opioid use during treatment. laboratory settings, extensions of these principles to naturalistic and clinical environments have found that excessive delay discounting predicts poor treatment response (MacKillop and Kahler, 2009; Washio et al., 2011) . Furthermore, abstinent alcoholics who allocated greater levels of discretionary income to alcohol were more likely to relapse in the future (Tucker et al., 2002 (Tucker et al., , 2006 (Tucker et al., , 2009 . Allocation of income to drugs is a putative marker of in vivo drug reinforcement value, because any income allocated to drugs is not available for other immediate or delayed non-drug reinforcers, such as food, drug-free activities, or savings (Roddy and Greenwald, 2009; Tucker et al., 2002) . Despite the uniformly high frequency of opioid use and high levels of severity in our sample, individuals displayed large variability in the amount and proportion of their income they allocated to obtaining drugs prior to treatment. These individual differences may represent deficits in decision-making that impede on the shift to non-drug forms of reinforcement during treatment of prescription opioid addiction.
While reinforcer pathology has been implicated in many other forms of addictive behavior (Greenwald and Hursh, 2006; Greenwald and Steinmiller, 2014) , to our knowledge this study is the first extension of behavioral economic principles to prescription opioid addiction. In addition to validating a novel predictor of clinical outcomes in this population, the current study support the use of behavioral economic principles to investigate prescription opioid addiction in more rigorous experimental designs. Behavioral economic studies informed by basic science in decision-making have produced key advances in the understanding of addictive behavior, including the recognition of delay discounting and drug demand as putative intermediate phenotypes with neural and genetic underpinnings (MacKillop, 2013; Mackillop et al., 2014) . More direct investigations of behavioral economics in prescription opioid users may be warranted, given the mounting evidence in support of reinforcer pathology as a trans-disease phenotype of addiction and other behavioral disorders (Bickel et al., 2014b) .
Prescription opioid addiction is somewhat unique in the variety of potential sources for obtaining drugs, which include legitimate medical treatment and diversion through illicit channels (Cicero et al., 2008) . We expected that frequent obtaining of illicit opioids would correspond to greater drug spending, because diverted prescription opioids have been described as more costly (Mars et al., 2014) . Our findings supported this hypothesis, as greater total amount and proportion of income spent on drugs corresponded with higher frequency scores for obtaining from doctors and lower frequency scores for obtaining from dealers/patients. Patients who obtain opioids legitimately from doctors appear to have a reduced burden for opioid-seeking, possibly due to their legitimized access and reduced out-of-pocket cost through prescription reimbursement. We also considered that dependence severity and illicit source frequency could potentially confound the association between spending and treatment outcome. Greater spending could simply reflect more severe dependence and a shift to illegitimate sources of opioids. However, our findings suggest that regardless of opioid source frequency and several markers of opioid dependence severity previously associated with poor treatment outcome, excessive pre-treatment drug reinforcement value is a marker of poor treatment prognosis.
While an assumption of this study is that drug spending reflects a unique domain of drug reinforcement value, an alternative view is that greater spending predicted opioid use because it is a proxy for dependence severity. To the extent possible given the available data, our findings did not support this alternative view. Drug spending did correlate significantly with markers of opioid use and dependence severity, but the amount of overlapping variance was small. Furthermore, drug spending predicted opioid use during treatment when controlling for all other markers of opioid dependence severity. These findings replicate those of previous studies of alcohol where discretionary spending predicted future alcohol problems independently of initial alcohol dependence severity and drinking intensity (Tucker et al., 2006 (Tucker et al., , 2002 . In contrast to dependence severity, drug-seeking behaviors (including monetary investment) have been described as an intermediate phenotype, and this hypothesis was supported by findings that the BDNF Val 66 Met genotype predicted spending but not consumption in heroin users (Greenwald et al., 2013) . Future studies of prescription opioid users should examine opioid use with greater specificity, such as with combined measures of frequency and quantity of use, and conduct direct assessments of delay discounting and opioid demand. This would allow a more explicit test of relationships between reinforcer pathology, dependence severity, and treatment outcome. In reality drug reinforcement value and dependence severity are likely mutually reinforcing processes, as the progression from infrequent use to habitual use and dependence is marked by excessive reliance on drugs for reinforcement and devaluation of non-drug rewards (Bickel et al., 2014a) .
Our findings must be interpreted in light of several limitations. Most importantly, this study was a secondary analysis of a clinical trial for prescription opioid addiction, in which we examined hypotheses not incorporated into the original protocol. These findings, while novel, should be considered as preliminary and warranting of confirmation through a prospectively designed study. Limitations of the drug-related spending and income variables in this study should be noted, including the consideration that key variables were captured with the ASI-Lite, which is primarily intended as a multidimensional measure of addiction severity. Another caveat was our assumption that self-reported drug spending was primarily allocated to prescription opioids, when the observed item refers generally to "drugs" without specifying drug type. Our assumption was supported by low rates of other drug use in this sample, but using drug-specific measures as in previous naturalistic studies of other substances (Greenwald and Steinmiller, 2014; Tucker et al., 2002) would allow us to examine opioidrelated spending with greater accuracy. While we controlled for several indicators of opioid dependence severity, other important markers, such as quantity of opioid use, could not be examined. Furthermore, this study only examined Phase 2 of POATS, thereby limiting the sample to patients that had failed a previous short-term BUP-NLX detoxification and were retained for the Phase 2 intervention. The sample was also predominantly Caucasian and relatively well-educated. While these demographics reflect emerging trends in opioid dependence in the United States (Cicero et al., 2014) , further confirmation is necessary before extending these findings to more general populations.
In summary, patients with prescription opioid addiction who spent a larger total amount and proportion of their income on drugs prior to treatment were more likely to use opioids during 12 weeks of treatment, despite a robust intervention comprised of BUP-NLX, weekly physician appointments, and standard or enhanced medical management. The intensity of this intervention was apparently insufficient to sustain abstinence in patients with excessive levels of drug reinforcement value. In these patients it may be necessary to implement other forms of opioid maintenance or provide treatments that focus more explicitly on enhancing reinforcement from non-drug sources of reward to sustain reductions in opioid use.
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